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Prediction of Software Fault Severity using Deep Learning
Methods
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Abstract In software fault prediction, a multi classification model that predicts the fault severity category
of a module can be much more useful than a binary classification model that simply predicts the
presence or absence of faults. A small number of severity-based fault prediction models have been
proposed, but no classifier using deep learning techniques has been proposed. In this paper, we
construct MLP models with 3 or 5 hidden layers, and they have a structure with a fixed or variable
number of hidden layer nodes. As a result of the model evaluation experiment, MLP-based deep learning
models shows significantly better performance in both Accuracy and AUC than MLPs, which showed the
best performance among models that did not use deep learning. In particular, the model structure with
3 hidden layers, 32 batch size, and 64 nodes shows the best performance.
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Table 1. Severity output of the prediction model
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Fig. 1. Model structure with fixed number of nodes
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H 2. HaYs MESIR 22 29 AHHm
Table 2. Experimental results 1 without deep learning

HlolElEF dlolelFe MLPs NB 748
JM1 0.8075 | 0.7870 | 0.7851
JM1_as 0.8073 | 0.7864 | 0.7998
SEVERITY1
PC4 0.8797 | 0.6480 | 0.8685
PC4_as 0.8805 | 0.8621 | 0.8807
M1 0.8075 | 0.7865 | 0.7829
JMI1_as 0.8077 | 0.7844 | 0.7939
SEVERITY?2
PC4 0.8843 | 0.4995 | 0.8640
PC4_as 0.8895 | 0.8855 0.8861

E 3. S ASSHN 92 BY Auzn 2

Table 3. Experimental results 2 without deep learning

delEss | 50 | SR ks | Ne | s
ACC all 0.81 0.79 0.78

cfs 0.81 0.79 0.80

SEVERITY1 AUC all 0.76 0.76 0.53
cfs 0.76 0.75 0.60

ACC all 0.81 0.79 0.78

SEVERITYZ cfs 0.81 0.78 0.79
AUC all 0.68 0.68 0.55

cfs 0.69 0.68 0.56
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Table 4. Effect Experimental results of feature selection
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all 0.5382
cfs 0.5172

0.8132
0.8104

0.7774
0.7690
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Table 5. Experimental results of SEVERITY1-JM1

gjr A‘;‘lﬁé i;%/a Loss ACC AUC
32 05483 | 08086 | 0.7605

5 48 0.6436 | 08074 | 07579

64 0.5594 0.8069 0.7645

32 05388 | 08087 | 07643

3 | 10 48 05300 | 08084 | 07664
64 0.5474 | 08095 | 0.7493

32 05182 | 08099 | 0.7680

32 48 0.5158 0.8116 0.7720
64 05382 | 08132 | 0.7774

32 0.6633 0.8070 0.7610

5 48 0.6105 0.8069 0.7644

64 07232 | 08069 | 07586

32 0.6199 0.8071 0.7641

5 10 48 0.6145 0.8068 0.7682
64 0.5972 0.8070 0.7661

32 05007 | 08067 | 07573

32 48 05578 | 08073 | 0.7627
64 05938 | 08073 | 07341

3 | 32 | 644832 | 05197 | 08148 | 0.7745
5 | 32 64324128 05281 | 08098 | 0.7615
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33, AUCE & ¢ 22 EA= 294t PC4= Y
HEgo] 3671& JM19] 217]Et} @o] =th. wehA] k=
T2 A3} ndofA 64—64—48—48—32§ 3t ALo7HM1
o] 291 64-64-48-32-16 Xt} 2L A= Hr)
X 39 71E e JMloﬂ?_P P57 'Iﬂfoﬂ PC49]
g MLPs9] AUC 23k gltt. webA & 29] ACC 2
Q1 0.8797% B3 DNN2 MLPsol H]3f =4
T4 Bdo] 4.24%, T2 ¥35} mdo] 501% © 22
45 274E Bk

E 6. SEVERITY1-PC4 A&ZAn;
Table 6. Experimental results of SEVERITY1-PC4

g_i A:E?lz ;E—iﬂ;/ﬂ Loss ACC AUC
32 08792 | 09033 | 0.9402

5 48 13820 | 09019 | 09411
64 0.9235 | 09136 | 0.9431

32 0.6548 | 08998 | 09328

3 | 10 48 06781 | 09101 | 09525
64 04582 | 09122 | 0.94%

32 05672 | 09033 | 0.9437

32 48 03529 | 09142 | 0.9542
64 0.4643 | 09170 | 0.95%

32 11.008 | 08779 | 08931

5 48 72515 | 08854 | 09257
64 39351 | 08951 | 0.9407

32 12400 | 08950 | 09373

5 | 10 48 23520 | 0883 | 09370
64 24550 | 09019 | 0.9479

32 0.6435 | 09047 | 0.9479

32 48 0.4435 | 08971 | 009497
64 0.5430 | 09033 | 0.9539

3 | 32 | 644832 | 04772 | 09238 | 0973
5 | 32 6224338 04719 | 09012 | 09514

¥ 72 SEVERITY2-JM1°] tist DNN9| 4% Az}
2 SEVERITY1-JM1Eth E51&2Ql 23E Heltt, 7}
2 AT 249F 309 ko WS BEE LT
S 1Y BEERT o £2 458 Btk LT 1

TEEoAs foulsH 7 £2 e Y BEe

At SEVERITY1914 7H¢ £2 23 Wl 129

2UZF 3, XAl R 32, kB 64 BEL2 UE £
ARE BAARE B 20} A5 o7t v Aok
AR S Bl =27t 2~370 § Utk MLPs9
ACC, AUC? 0.8075, 0.68%} B|w3ld =2 1174 &
92 vlAgt 45 3P AL, B4 WHEF HEe
0.33%, 2.84%9] 45 7t A9t

rlo r
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Table 7. Experimental results of SEVERITY2-JM1

uzn

oy 2 =
i A‘;]l]ﬂi :_:4%/;1 Loss ACC AUC
32 0.6205 | 08074 | 06885
5 48 0.6004 | 08076 | 0.6877
64 05517 | 08085 | 06928
32 05477 | 08076 | 06914
3| 10 48 0.5463 | 08087 | 06943
64 05502 | 08084 | 0.68%
32 0.5373 | 08083 | 06926
32 48 0.6002 | 08076 | 0.6877
o4 05517 | 08085 | 06928
32 06184 | 08071 | 06838
5 48 06512 | 08068 | 0.7629
64 0.5545 | 08067 | 0.6890
32 05694 | 08070 | 06891
5 | 10 48 05419 | 08070 | 0.6886
64 0.5482 | 08071 | 0.6904
32 0.5641 | 08074 | 06911
32 48 0.5560 | 08083 | 0.7683
64 0.6149 | 08074 | 06770
3 | 32 | 644832 | 05455 | 08102 | 0.699
5 | 32 64324128 0.5473 | 08080 | 0.6917

H 8. SEVERITY2-PC4 H3HZAL
Table 8. Experimental results of SEVERITY2-PC4

oy Z =2
S| ST | tess Acc AUC
32 0.5488 0.9094 0.9614
5 48 0.6037 0.9087 0.9586
64 0.5682 0.9238 0.9724
32 0.3930 0.9143 0.9655
3 10 48 0.3446 0.9238 0.9734
64 0.4160 0.9273 0.9727
32 0.5076 0.9060 0.9603
32 48 0.3227 0.9245 0.9707
64 0.3117 0.9300 0.9749
32 1.8639 0.9080 0.9493
5 48 5.1324 0.8991 0.9427
64 1.8997 0.9053 0.9264
32 2.2737 0.8847 0.9401
5 10 48 0.6641 0.9135 0.9619
64 1.2111 0.9087 0.9515
32 0.4545 0.9005 0.9515
32 48 0.6171 0.9046 0.9509
64 0.4369 0.9040 0.9561
3 32 | 64-48-32 | 0.4601 0.9163 0.9716
5 32 622238 0.9355 0.9170 0.9498

PC49] 9= SEVERITY19] 328} o] 2y=4-
3, HiRIALO] R 32, LT 6491 Ao ACCT AUC 2
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4. OFYX| HIO[E] HMIH A

oA HlolElg AAst] O] 5 =olE AT
< Yot JMI1ol (71914 AR&SE IQR(Inter
Quantile Range) 71"& Z-8o}0] tloe ExojA &
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Table 9. Experimental results when outlier data is

removed
g_‘i A:E?lz ;E—iﬂ;/ﬂ Loss ACC AUC
32 04794 | 08379 | 07933
5 48 05016 | 08379 | 0.7859
64 05009 | 08359 | 07928
32 04737 | 08392 | 07922
3 | 10 48 04851 | 08385 | 07954
64 0.4746 | 08414 | 07975
32 0.4680 | 08398 | 07948
32 48 0.4657 | 08407 | 0.8006
64 0.4661 | 08401 | 0.7968
32 04951 | 08379 | 07557
5 48 0.4955 | 08362 | 0.7686
64 05002 | 0835 | 0.7336
32 0.4805 | 08385 | 07972
5 | 10 48 0.4844 | 08399 | 07857
64 04821 | 0.8373 | 0.7999
32 05020 | 08384 | 0.7980
32 48 0.4736 | 08383 | 0.7992
64 0.4733 | 0.839% | 0.7980
3 | 32 | 644832 | 04692 | 08388 | 0.7975
5 | 32 62341? 0.4744 | 08393 | 0.7956

SEVERITY1-M1Co & A3 A3, HE 2d Hx
oA o] tlolg AA HMEL £2 FvS EAh
ACC, AUC B% #A9] RE g Lxof4 0.03 L A
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